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(57) ABSTRACT 

Methods, systems, and apparatus, including computer pro 
gram products, for identifying regions of interest in an image 
and identifying a barcode in a degraded image are provided. 
A region of interest is identified by pre-processing an image, 
generating a binary image based on a metric calculated on the 
pre-processed image, and analyzing regions of the image 
identified using connected components and other analysis. A 
barcode is identified by searching a population of barcodes, 
degrading ideal image intensity profiles of candidate bar 
codes, and comparing the degraded ideal image intensity 
profiles to an image intensity profile of the degraded image. 
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BLURRING BASED CONTENT RECOGNIZER 

CROSS-REFERENCE TO RELATED 
APPLICATION 

0001. This application is a continuation application of 
U.S. patent application Ser. No. 12/360,831, filed on Jan. 27. 
2009, the entire disclosure of which is incorporated herein by 
reference. 

TECHNICAL FIELD 

0002 This disclosure relates to image processing. 

BACKGROUND 

0003) Noise and blur can reduce the quality of an image. 
Noise is variation in brightness or color of the pixels in an 
image and can be distributed according to a probability dis 
tribution (e.g., a uniform distribution, a Gaussian (normal) 
distribution, a Raleigh distribution, etc.). Noise can be con 
centrated in one or more color channels of an image or spread 
throughout an image. Examples of noise include graininess, 
color variation, and salt and pepper speckling. 
0004 Blur is a distortion of an image. An image can be 
blurred because, for example, the camera used to capture the 
image was out of focus, the camera moved while the image 
was being captured, the Subject of the image moved while the 
image was being captured, the shutter-speed was too slow or 
too fast for the light conditions, or the lens of the camera was 
dirty. 
0005 Noise and blur are particular problems for images 
captured using mobile devices. The quality of mobile device 
cameras is often limited by size and weight constraints. The 
charge coupled devices used to capture the images on mobile 
devices often have bad low light capabilities and high noise 
characteristics. In addition, many mobile device cameras 
have a fixed focus, meaning that frequently, in order for the 
device to be close enough to capture necessary details in the 
image, the focal distance of the fixed focus lens will be 
violated, resulting in severe blur in the image. 
0006 FIG. 1 illustrates an example blurred image 102, and 
the de-blurred version of the image once an example prior art 
de-blur filter has been applied 104. 
0007 An image can be characterized as having a region of 
interest and additional visual information outside the region 
of interest. A region of interest is a region of the image that 
contains an object of interest, e.g., a barcode, a face, a license 
plate, or text. Other objects of interest are also possible. 
0008 For example, the image 102 contains a barcode 103 
near the center of the image, but also has additional visual 
information such as the text 105 in the bottom right of the 
image and part of another barcode 107 in the upper right of the 
image. Assuming the object of interest is a complete barcode, 
the region of interest would be the region of the image con 
taining a barcode 103. Everything else in the image is outside 
the region of interest. 
0009. Often an image is distorted because of noise as well 
as blur. The presence of noise in an image increases the 
likelihood of artifacts being introduced during de-blurring. 
The amount of de-blurring that can be done is limited by noise 
in the image. Noise introduces false edges in an image, and 
therefore artifacts, such as ringing, will form around noise 
pixels if the level of de-blur is high. Traditional de-blur filters 
may also enhance the noise in the image, resulting in an image 
such as 104 which has less blur than the original image 102. 
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but also has additional noise. The noise includes black dots 
throughout the white portions of the image and white dots 
throughout the black portions of the image. The enhanced 
noise can make a de-blurred image difficult to decipher. 

SUMMARY 

0010. In general, one aspect of the subject matter 
described in this specification can be embodied in a method 
that includes the following. An image is received. The image 
is pre-processed, resulting in a pre-processed image. A metric 
is calculated based on the pre-processed image. A binary 
image is generated from the pre-processed image based on 
the metric. One or more regions of the binary image are 
identified using connected components analysis. A region of 
interest in the image is selected based on an analysis of the 
identified regions of the binary image. A probabilistic cost 
function is used to refine the region of interest. Other imple 
mentations include corresponding system, apparatus, com 
puter program products, and computer readable media. 
0011. These and other implementations can optionally 
include one or more of the following features. The image can 
include a barcode. Pre-processing the image can include 
applying an image gradient magnitude filter to the image. The 
analysis of the identified regions can include analyzing the 
mass, aspect ratio, shape, or image moment of each region. 
0012. In general, another aspect of the subject matter 
described in this specification can be embodied in methods 
that include the following. A degraded image of a first bar 
code is received. An image intensity profile of the degraded 
image is generated. A population of barcodes is searched. The 
search includes selecting a candidate barcode from the popu 
lation of barcodes and comparing a degraded version of the 
ideal image intensity profile of the candidate barcode to the 
image intensity profile of the degraded image. A barcode is 
selected from the population of barcodes based on the com 
parison. Other implementations include corresponding sys 
tems, apparatus, computer program products, and computer 
readable media. 
0013 These and other implementations can optionally 
include one or more of the following features. A region of 
interest containing a barcode in the degraded image can be 
identified and the image intensity profile of the degraded 
image can be an image intensity profile of the region of 
interest. 
0014 Context information about the first degraded image 
can be received and the search can be biased based on the 
context information. The context information can include an 
approximation of a physical location corresponding to where 
the degraded image was captured. The context information 
can include previous selections of one or more barcodes 
corresponding to one or more other degraded images cap 
tured at one or more physical locations that are approximately 
the same as a physical location where the degraded image was 
captured. The context information can be received from a data 
processing apparatus associated with one or more objects in a 
vicinity of where the degraded image was captured. 
0015. Accelerometer data regarding a device used to cap 
ture the degraded image can be received. The accelerometer 
data can be used to estimate a motion blur in the degraded 
image and the degraded version of the ideal image intensity 
profile of the candidate barcode can be generated using the 
estimated motion blur. The accelerometer data can be used to 
estimate a degree of variance from the horizontal or vertical 
axis of the device at the time the degraded image was captured 
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and the degraded version of the ideal image intensity profile 
of the candidate barcode can be generated using the estimated 
degree of variance. 
0016 Calibration information can be received, and the 
degraded version of the ideal image intensity profile of the 
candidate barcode can be generated using the calibration 
information. 
0017 Searching the population of barcodes can further 
include repeating the selecting and comparing steps for each 
barcode in the population of barcodes. Searching the popula 
tion can further include using a genetic algorithm to direct the 
search. 
0018 Information corresponding to the final barcode can 
be retrieved from a database. 
0019 Comparing a degraded version of the ideal image 
intensity profile of the candidate barcode to an image inten 
sity profile of the degraded image can further include pre 
computing a degraded version of parts of image intensity 
profiles of barcodes in the population of barcodes. The 
degraded version of the ideal image intensity profile of the 
candidate barcode can then be generated by adding the iden 
tified degraded versions of parts of the ideal image intensity 
profile of the candidate barcode. Comparing a degraded ver 
sion of the ideal image intensity profile of the candidate 
barcode to an image intensity profile of the degraded image 
can further include pre-computing a plurality of error signals 
for each of a plurality of regions in an image intensity profile 
space. An error signal corresponding to a degraded version of 
the ideal image intensity profile of the candidate barcode can 
be identified for each of the plurality of regions: The identi 
fied error signals can be combined. 
0020. In general, another aspect of the subject matter 
described in this specification can be embodied in methods 
that include the following. A degraded image of a barcode is 
received. An image intensity profile is generated for the 
degraded image. A population of barcodes is searched. The 
searching includes identifying a current population of bar 
codes and repeating the following steps one or more times: for 
each barcode in the current population, a fitness score com 
paring a degraded version of an ideal intensity profile corre 
sponding to the barcode to an intensity profile of the degraded 
image is calculated and then the current population is updated 
using the calculated fitness scores. An barcode is selected 
from the population of barcodes based on the calculated fit 
ness scores. Other implementations include corresponding 
systems, apparatus, computer program products, and com 
puter readable media. 
0021. In general, another aspect of the subject matter 
described in this specification can be embodied in methods 
that include the following. An image is received. The image is 
pre-processed, resulting in a pre-processed image. A metric is 
calculated based on the pre-processed image. A binary image 
is generated from the pre-processed image based on the met 
ric. One or more regions of the binary image are identified 
using connected components analysis. A region of interest in 
the image is selected based on an analysis of the identified 
regions of the binary image. A probabilistic cost function is 
used to refine the region of interest. An image intensity profile 
is generated for the refined region of interest. A population of 
barcodes is searched. The searching includes identifying a 
current population of barcodes and repeating the following 
steps one or more times: for each barcode in the current 
population, a fitness score comparing a degraded version of 
an ideal intensity profile corresponding to the barcode to an 
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intensity profile of the refined region of interest is calculated 
and then the current population is updated using the calcu 
lated fitness scores. Anbarcode is selected from the popula 
tion of barcodes based on the calculated fitness scores. Other 
implementations include corresponding systems, apparatus, 
computer program products, and computer readable media. 
0022 Particular embodiments of the subject matter 
described in this specification can be implemented to realize 
one or more of the following advantages. A region of interest 
in an image can be identified to aid in image processing. A 
de-blurred version of an image can be identified without 
increasing noise or other artifacts in the image, because the 
image is never actually de-blurred—rather idealized images 
are blurred and compared to the blurred image until a match 
is found. 
0023 The details of one or more embodiments are set 
forth in the accompanying drawings and the description 
below. Other features, objects, and advantages will be appar 
ent from the description and drawings, and from the claims. 

DESCRIPTION OF DRAWINGS 

0024 FIG. 1 illustrates an example blurred image and the 
image once an example prior art de-blur filter has been 
applied. 
0025 FIG. 2 illustrates an example method for selecting a 
region of interest in an image. 
0026 FIG. 3 illustrates an example of the method 
described in reference to FIG. 2, as applied to an image. 
0027 FIG. 4 illustrates an example architecture of a sys 
tem for selecting a region of interest in an image. 
0028 FIG. 5 illustrates an example method for searching 
barcodes in a population of barcodes. 
0029 FIG. 6A illustrates an example of computing the 
error used in a fitness score. 
0030 FIG. 6B illustrates an example of generating a 
degraded version of an ideal image intensity profile. 
0031 FIG. 6C illustrates an example of how the image 
space can be divided. 
0032 FIG. 7 illustrates an example of the method 
described in reference to FIG. 5, as applied to an image of a 
barcode. 
0033 FIG. 8 illustrates an example method for selecting a 
barcode using a genetic algorithm. 
0034 FIG. 9 illustrates an example of the method 
described in reference to FIG. 8. 
0035 FIG. 10 illustrates an example architecture of a sys 
tem for searching barcodes and selecting barcodes. 
0036 FIG. 11 illustrates an example network operating 
environment for a client device. 

DETAILED DESCRIPTION 

0037. As FIG. 1 illustrates, de-blurring an image can 
enhance noise and artifacts in the image, making it difficult to 
detect what was originally in the image. An alternative tech 
nique for identifying a non-blurred version of a blurred image 
is to blur candidate images and compare them to the blurred 
image. If one or more regions of interest can be identified, and 
the regions of interest contains an object of interest, a more 
effective method of determining a non-blurred version of a 
blurred image is to select candidate objects of interest, distort 
a representation of a feature of the objects of interest (e.g., by 
adding blur to an ideal image intensity profile of the candidate 
object of interest to estimate the blur in the original image), 
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and compare the distorted representations of the candidate 
objects to the regions of interest in the original blurred image 
until a sufficiently close candidate object is found. This pro 
cess identifies a candidate non-blurred image that corre 
sponds to the blurred image instead of applying traditional 
de-blurring filters to the blurred image, and also allows iden 
tification of the object of interest. 
0038 FIG. 2 illustrates an example method 200 for select 
ing a region of interest in an image. This method can be used 
to select more than one region of interest in an image. 
0039. In step 202, an image is received. An image can be 
received from a variety of sources. For example, a received 
image can be captured by the device performing the method. 
The received image can be retrieved from memory, for 
example, at the request of a user or a process. The received 
image can be received directly from a user or a process. Other 
Sources of an image and ways of receiving an image are also 
possible. 
0040. In step 204, the image is pre-processed. In general, 
pre-processing is done to accentuate a feature of the object of 
interest. Various types of pre-processing can be done depend 
ing on the object of interest. 
0041. For example, if the object of interest is a bar code, 
pre-processing can be done to accentuate the vertical lines of 
a bar code. In some implementations, pre-processing when 
the object of interest is a bar code includes applying an edge 
detection filter Such as an image intensity gradient magnitude 
filter or a Roberts Cross filter to the image to accentuate the 
lines in the image. For example, a Sobel filter can be used to 
calculate the horizontal and vertical intensity gradients (G, 
and G) of the pixels in an image. The horizontal and Vertical 
intensity gradients can then be converted into an intensity 
gradient magnitude (e.g., by calculating VG-G,). Other 
edge detection filters can also be used. 
0042. If the object of interest is text, pre-processing can be 
done to accentuate curves and edges in the text, for example, 
by applying edge detection filters like those used for bar 
codes. 

0043. If the object of interest is a face, pre-processing can 
be done to normalize lighting conditions, for example, 
through the use of a homomorphic filter to remove the effect 
of variable lighting on a scene. Face preprocessing can also 
involve using a weighted masked template convolution filter 
to accentuate face-like structures in the image or component 
shapes (such as circles, curves, and lines) and their relation 
ships to each other. For example, faces usually have two eyes 
(circles), one nose (line) and a mouth (curve) that have a 
specific relationships to each other. 
0044) Other types of pre-processing are also possible, 
depending on the object of interest. For example, a morpho 
logical filter (e.g., a dilation operator) can be used to accen 
tuate certain features in the image. Image moments (e.g., 
weighted averages of the intensities of pixels in the regions) 
can also be used. 
0045. In some implementations, the image is subsampled 
(e.g., downsampled, when the size of the image is decreased 
resulting in a smaller representation of the image) before the 
image is pre-processed. Subsampling can be used to speed-up 
the Subsequent processing steps by reducing the size of the 
image. In some implementations, Subsampling includes 
using a filter to Smooth the image. In these implementations, 
robustness can be improved by filtering out non-relevant 
image detail. 
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0046. In step 206, a metric is calculated from the pre 
processed image. The way the metric is calculated can be 
pre-specified or determined using a data-driven machine 
learning approach, for example, using a Support vector 
machine. The metric specifies a metric value for each pixel in 
the image based on the pixel and its surrounding pixels. In 
Some implementations, the metric specifies a high value for 
pixels likely to be in a region of interest and a low value for 
pixels not likely to be in the region of interest. The metric may 
depend on the object of interest. 
0047 For example, barcodes typically have high horizon 

tal variance and low vertical variance, because they consist of 
a series of vertical lines. Therefore, for barcodes the metric 
can be calculated based on the horizontal and vertical vari 
ance of each pixel and can assign a high value to pixels with 
high horizontal variance and low vertical variance. 
0048 For example, when the object is a barcode, the met 
ric value for each pixel (x,y) can be calculated according to 
the equation: mGX,y)-CV(x,y)-CV, (x,y), where C, and C, 
are mixing coefficients, chosen to result in empirically high 
metric values in areas where there is high horizontal variance 
and low vertical variance. The values V(x,y) and V(x,y) are 
the local horizontal and vertical variances, respectively. They 
can be calculated according to the equations: 

V(x, y)= x . . 2. Lp(x + i, y) - u(x, y), 

and 

1 y 
v(x, y)= xt X (p(x, y + i)-u(x, y), i. j=-Nf2 

0049 N, and N are the lengths (in pixels) of the horizontal 
and vertical windows over which the metric value is calcu 
lated. The precise values of N, and N can be chosen empiri 
cally. L(x,y), and u(x,y) are the local horizontal and Vertical 
means, and can be calculated according to the equations: 

Ni, 

H(x, y) = x . i, 2. p(x + i, y) 
and 

1 y 
pl(x, y) = p(x, y + i). N + i, 2.12 

0050. In step 208, a binary image is generated from the 
pre-processed image based on the metric. The binary image 
can be generated as follows. The calculated metric value of 
each pixel is considered. Pixels whose metric values are 
above a certain threshold are assigned a value of 1, and pixels 
whose metric values are not above the certain threshold are 
assigned a value of 0. The threshold can be identified, for 
example, so that values within a certain percentage of pos 
sible metric values, for example, the top 25%, are included. 
The threshold can be determined empirically, e.g., by select 
ing a value that gave good performance on a set of test images 
(e.g., using cross validation). 
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0051. In step 210, one or more connected regions in the 
binary image are identified using connected components 
analysis. The identified regions are regions of contiguous 
pixels whose value is 1. These regions represent potential 
regions of interest in the image, because they are regions 
whose pixels had high metric values. 
0.052 Connected components analysis processes an image 
and identifies regions of connected elements. Two pixels are 
connected when they have the same or similar values and are 
neighbors. Pixels can be neighbors when they are 4-adjacent 
(e.g., one pixel is directly above, directly below, directly to the 
left, or directly to the right of the other pixel) or when they are 
8-adjacent (e.g., one pixel is directly above, directly to the 
diagonal upper right, directly to the right, directly to the 
diagonal lower right, directly below, directly to the lower 
diagonal left, directly to the left, or directly to the upper 
diagonal left). 
0053. In step 212, a region of interest in the image is 
selected based on an analysis of the identified regions of the 
binary image. The region of interest is the region of the image 
most likely to contain the object of interest. In some imple 
mentations, multiple regions of interest are identified (e.g., by 
analyzing the identified region and selecting the regions most 
likely to contain the object of interest). 
0054. In various implementations, the region of interest is 
determined by analyzing the identified regions of the binary 
image, e.g., by determining characteristics such as the mass 
(e.g., number of pixels) in each region, the aspect ratio of each 
region, the shape of each region, and the image moments 
(e.g., weighted averages of the intensities of pixel) in each 
region. The details of the analysis will vary depending on 
what is in the region of interest. For example, the specifica 
tions for various types of barcodes include the aspect ratio for 
the type of barcode. Regions whose aspect ratios are not in the 
specified range can be filtered out when a barcode is the object 
of interest. Similarly, barcodes should have a convex shape, 
so non-convex regions can be filtered out when a barcode is 
the object of interest. 
0055. In step 214, the region of interest is further refined, 
e.g. by cropping the edges of the region of interest. The 
refinements can vary based on the object of interest and the 
purpose for the selection. Different objects of interest will 
require different types of cropping. For example, if the object 
of interest is a barcode, it may be useful to remove extra white 
space around the bar code. Different purposes of selection 
will require different amounts of cropping. For example, if a 
region of interest is being selected for input to a post-proces 
Sor, then the requirements of the post-processor may dictate 
how much of the region of interest should be cropped. Gen 
erally speaking, the region of interest is further refined by 
using a probabilistic cost-function. The probabilistic cost 
function has multiple terms that can be modified to fit the 
object of interest. The terms of the probabilistic cost function 
can be used under a Gaussian error assumption, where the 
individual factor variances are heuristically determined for 
optimal performance. The variance of each term can be used 
as a weighting coefficient. 
0056. For example, if the object of interest is a barcode, the 
region can be refined as follows. First, the center of mass of 
the region (e.g., the centroid, or balance point of the image) 
can be determined. Generally speaking, a horizontal line 
drawn through the center of mass will almost always bisect 
the barcode along its long axis. The left and right cropping 
points of a horizontal line drawn through the center of mass 
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are then used to identify a crop box. A probabilistic cost 
function can then be applied to further refine the crop box. For 
example, the cost function: 

can be used. Here, p,(X) is the one dimensional image inten 
sity profile of the cropped region, dp,(x)/dx is the slope of the 
intensity profile, X is the horizontal position of the cropped 
region's center of mass, and 8, 8 and 8 are mixing coeffi 
cients chosen empirically, for example, using a cross-valida 
tion method to ensure robust performance over a set of test 
images. The cost function can then be evaluated from X to the 
left and to the right, and the first locations (e.g., one on either 
side of the center of mass) where a threshold is crossed can be 
declared as the crop points. The threshold can be determined 
empirically, e.g., by trying multiple potential threshold values 
on a set of test images and selecting the value that gives the 
best performance (e.g., using cross validation). Other cost 
functions based on different objects of interest are also envi 
Sioned. 
0057 FIG. 3 illustrates an example of the method 
described in reference to FIG. 2, as applied to an image. In 
FIG. 3, the object of interest is a barcode. An image 302 is 
received. The image contains a number of elements including 
a bar code 303 and text 305. 
0058. The image is pre-processed by applying an image 
intensity gradient magnitude filter to detect edges in the 
image. This results in the pre-processed image 304. The pre 
processed image 304 more clearly shows the edges that were 
present in the original image 302. 
0059 A metric is then calculated based on the pre-pro 
cessed image 304. Because the object of interest is a barcode, 
the metric specifies a high value for pixels with high horizon 
tal variance and low vertical variance. 
0060. The metric is used to generate a binary image 306 by 
giving pixels a value of 1 when their metric value is above a 
given threshold and giving pixels a value of 0 when their 
metric value is below a given threshold. This results in a 
number of regions of pixels whose value is 1 (e.g., 306a, 
306b, and 306c). 
0061 Connected components analysis is used to identify 
several connected regions 308 in the binary image (e.g., 308a, 
308b, and 308c). The connected regions are shaded differ 
ently to emphasize that they are distinct. 
0062 Each of the connected regions is analyzed for char 
acteristics such as aspect ratio and moment of inertia. Based 
on this analysis, a region 312 is identified in the original 
image, as shown in 310. The center of mass 314 of the region 
and the horizontal line 316 through the center of mass can be 
used to further refine the region as discussed above in refer 
ence to FIG. 2. The resulting refined region 318, is then 
selected for further processing. 
0063 FIG. 4 illustrates an example architecture of a sys 
tem 400 for selecting a region of interest in an image. The 
system generally consists of a data processing apparatus 402 
and one or more client devices 426. The data processing 
apparatus 402 and client device 426 are connected through a 
network 424. 
0064. While the data processing apparatus in 402 is shown 
as a single data processing apparatus, a plurality of data 
processing apparatus may be used. In some implementations, 
the client device 426 and the data processing apparatus 402 
are the same device. 
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0065. In various implementations, the data processing 
apparatus 402 runs a number of processes, e.g. executable 
Software programs. In various implementations, these pro 
cesses include a pre-processor 404, a metric calculator 406, a 
binary image generator 408, a connected components ana 
lyzer 410, a region selector 412, and a region refiner 413. 
0066. The pre-processor 404 pre-processes an image. The 
type of pre-processing can depend on the object of interest. 
For example, if the object of interest is a barcode, the pre 
processor 404 can apply an edge detection filter to the image. 
0067. The metric calculator 406 calculates a metric based 
on the pre-processed image. The metric can assign a high 
value for pixels likely to be in a region of interest and a low 
value for pixels not likely to be in a region of interest. 
0068. The binary image generator 408 generates a binary 
image from a pre-processed image based on a metric. The 
binary image generator processes the pre-processed image 
and assigns a 1 to pixels whose metric value is above a given 
threshold and a 0 to pixels whose metric value is below a 
given threshold. 
0069. The connected components analyzer 410 analyzes a 
binary image and identifies connected regions using con 
nected components analysis. 
0070 The region selector 412 selects a region of the image 
based on an analysis of the connected regions of the binary 
image. 
0071. The region refiner 413 refines the region of interest, 
for example, using a probabilistic cost function. 
0072 The data processing apparatus 402 may also have 
hardware or firmware devices including one or more proces 
sors 414, one or more additional devices 416, computer read 
able medium 418, a communication interface 420, and one or 
more user interface devices 422. The one or more processors 
414 are capable of processing instructions for execution. In 
one implementation, the one or more processors 414 are 
single-threaded processors. In another implementation, the 
one or more processors 414 are multi-threaded processors. 
The one or more processors 414 are capable of processing 
instructions stored in memory or on a storage device to dis 
play graphical information for a user interface on the user 
interface devices 422. User interface devices 422 can include, 
for example, a display, a camera, a speaker, a microphone, and 
a tactile feedback device. 

0073. The data processing apparatus 402 communicates 
with client device 426 using its communication interface 420. 
0074 The client device 426 can be any data processing 
apparatus, for example, a camera used to capture the image, a 
computer, or a mobile device. In some implementations, the 
client device 426 sends images through the network 424 to the 
data processing apparatus 402 for processing. Once the data 
processing apparatus 402 has completed processing, it sends 
the selected region, or information about the selected region, 
Such as its location in the image, back through the network 
424 to the client device 426. 

0075. In some implementations, the client device 426 runs 
one or more of the processes 404, 406, 408, 410, and 412 
instead of or in addition to the data processing apparatus 402 
running the processes. For example, in some implementa 
tions, the client device runs a pre-processor, pre-processes the 
image, and sends the pre-processed image through the net 
work 424 to the data processing apparatus 402. 
0076 FIG. 5 illustrates an example method for searching 
barcodes in a population of barcodes. 
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0077. In step 510, a degraded image of a barcode is 
received. While FIG. 5 describes images of barcodes, a simi 
lar method would work with other objects of interest, such as 
barcodes, faces, text, or license plates. The degraded image is 
degraded because of for example, blur or noise or other 
distortions. The degraded image can be received from a vari 
ety of Sources. For example, a degraded image can be cap 
tured by the device performing the method. The degraded 
image can be retrieved from memory, for example, at the 
request of a user or a process. The degraded image can be 
received directly from a user or a process. The degraded 
image can be a region of interest identified as described above 
in reference to FIG. 2. Other sources of a degraded image and 
ways of receiving a degraded image are also possible. 
0078. In step 512, a image intensity profile for the 
degraded image is generated. In some implementations, an 
image intensity profile is generated only for a region of inter 
est in the degraded image, rather than the entire degraded 
image. In some implementations, the region of interest is 
identified using the method described above in reference to 
FIG. 2. Other techniques for identifying the region of interest 
are possible, for example, a user can identify the region of 
interest. FIG. 5 describes searching image intensity profiles 
because image intensity profiles are a good representation of 
features of the barcode object of interest, e.g., vertical lines. 
However, other representations of image features can be used 
instead, depending on the object of interest. 
0079 Generally speaking, an image intensity profile of an 
image of a barcode can be generated by averaging, or verti 
cally integrating, a set number of horizontal scan lines above 
and below a horizontal line through the barcode's center of 

a SS. 

0080. In some implementations, before the image inten 
sity profile of the degraded image is generated, the image is 
first normalized, for example, using an image normalization 
routine to correct for minor geometric distortions (affine 
transforms). A cross correlation metric can be used to deter 
mine how to adjust the image. 
I0081. A population of barcodes is searched. In some 
implementations, the population of barcodes is finite. While 
FIG.5 describes searching a population of barcodes, in some 
implementations, representations of the population of bar 
codes (e.g., an image intensity profile) can be searched. Other 
objects of interest, corresponding to the object in the 
degraded image, can also be searched. 
I0082. The search proceeds as follows. In step 514, a can 
didate barcode is selected from the population of barcodes. 
I0083. In step 516, a degraded version of an image intensity 
profile of the candidate barcode is compared to an image 
intensity profile of the degraded image. 
I0084. In some implementations, the ideal image intensity 
profiles are generated much as the image intensity profile of 
the degraded image is generated. In some implementations, 
the ideal image intensity profiles can be generated directly 
from the barcodes they represent, or a representation of the 
barcodes they represent. Many barcodes. Such as the 12 digit 
UPC-A and 13 digit EAN-13 barcodes provide a mapping 
from a sequence of digits to a black and white bar pattern as 
well as a simple parity checksum used to encode the last digit 
of the barcode. Thus, the ideal image intensity profiles can be 
generated by combining the ideal image intensity profiles for 
the vertical bars corresponding to the individual digits of a 
given barcode. 
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0085. The degraded version of the image intensity profile 
of the candidate barcode can be generated by convolving the 
intensity profile with a blur kernel (for example, a standard 
blur kernel, a motion blur kernel, or any other measure of 
degradation in the image). 
I0086. In some implementations, the blur-kernel is a pre 
determined blur kernel, for example, a Gaussian blur kernel 
or a box blur kernel. 
0087. In some implementations, the blur kernel is gener 
ated based on sensor data received from the device used to 
capture the image. Sensor data can include, for example, data 
from a proximity sensor, an ambient light sensor, or an accel 
erometer. For example, if accelerometer data is received from 
the device used to capture the image, the accelerometer data 
can be used to estimate motion blurbased on the movement of 
the device that captured the image. The estimate of motion 
blur can then be used to generate a motion blur kernel that will 
mimic the motion blur. 
0088. In some implementations, the blur kernel is gener 
ated based on calibration data. Calibration data can be 
received, for example, from the device used to capture the 
degraded image or from a plurality of other devices. Calibra 
tion data can include an estimate of the blur produced by the 
device used to capture the image. Calibration data can be 
gathered from a device, for example, by having the device 
take pictures of known images at a known distance. The 
resulting images can then be compared to the images that 
were expected. Differences in the resulting images and the 
expected images can be used to estimate differences in the 
focus of the device, or its sensors. The blur kernel can then be 
generated to compensate for these differences. For example, 
if a device tends to take pictures that have a box blur effect, 
then a box blur kernel could be used. Calibration data can also 
be gathered by presenting a user with multiple de-blurred 
versions of an image and receiving data indicating the user's 
selection of the “best image. The resulting selections can be 
used to track which blur kernels work best with a given user's 
device. 
0089. In some implementations, the blur kernel is gener 
ated based on data indicating the focal length of the device 
used to take the image. The focal length can be used to 
estimate the blur in the image resulting from the image being 
taken at the wrong distance for the focal length. 
0090. In some implementations, accelerometer data is 
received from the device used to capture the image and the 
accelerometer data is used to estimate a degree of variance 
from the horizontal or vertical axis at the time the degraded 
image was captured. This degree of variance can be used to 
estimate a "keystone' effect (e.g., a distortion of the image 
dimensions) or other geometry distortions in the image result 
ing from the fact the device used to capture the image was at 
an angle at the time the image was captured. The estimate of 
distortion can then be used to generate a distortion mapping 
which can be applied to the ideal image, for example, before 
the blur kernel is applied. 
0091. In some implementations, comparing the image 
intensity profiles includes calculating a fitness score. The 
fitness score measures how similar the two intensity profiles 
are. In some implementations, the fitness score is based on the 
mean square error of the two image intensity profiles. For 
example, the image intensity profile of the degraded image 
can be expressed as m. The degraded image intensity profile 
of the candidate barcode can be expressed as 
finCX)=k(x)*ö(g,x), where k(x) is the blur kernel used to 
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degrade the ideal image intensity profile, and Ö(g.X) is the 
image intensity profile for a given representation of a barcode, 
g. The ideal image intensity profile Ö(g.X) can also be 
expressed as the sum of several non-overlapping signals s, as 
follows, where the barcode representation g is divided into p 
pieces, each with a corresponding signals in the intensity 
Space: 

P 

Og = X. Sp(x), where i =gp. 
p=l 

0092. Using these conventions, the mean square error can 
be calculated using the following equation: 

where the two image intensity profiles in and m are signals 
that have been discretized on a regular grid of size N in n 
dimensions, and i indexes over the individual samples (e.g., 
pixels) so that fin, refers to the ith sample of ?in(x). 
0093. In some implementations, the representations are 
Zero-meaned before the mean square error is calculated, in 
order to reduce the effect of differences in the mean values of 
the two image intensity profiles. For example, the Zero-mean 
mean square error can be calculated as follows: 

1. 
MSE(m-Hin, m-in) = X((m, -pin)- (m-H, 

i=0 

1 R. 
= X((m, -m;) - Hon. 

1 R. 
NXe - u.) 

= var(e) 

where var(e) is the variance of the error signal e fin-m, L is 
the mean offin, and L, is the mean of m. 
0094. A fitness score based on the Zero-mean mean square 
error can be calculated as follows: 

var(e) exp- var(k: O(g) - m) 
F(g) = exp- var(n) var(n) 

0.095 The negative exponent of variance is used to convert 
low error values into high fitness scores and also bound the 
fitness score range to 0.1. The variance of the error signal is 
normalized by the variance of the image intensity profile of 
the degraded image to make the measure less sensitive to 
inter-signal differences. 
0096 FIG. 6A illustrates an example of computing the 
error used in a fitness score for a ideal image intensity profile 
corresponding to an UPC-Abarcode 785342726831. In b, the 
image intensity profile of the candidate barcode is generated. 
For example, the image intensity profile of the candidate 
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barcode can be generated by adding together the individual 
image intensity profiles for each number of the barcode, 
shown in a. In c, a degraded version of the image intensity 
profile of the candidate barcode is generated, for example, by 
convolving the ideal image intensity profile of the candidate 
barcode with a blur kernel. In d, the degraded version of the 
image intensity profile of the candidate barcode is compared 
with the image intensity profile of the degraded image, result 
ing in the error signal shown. This error signale fin-m is then 
used in the above fitness score equation. 
0097. Other scores are also envisioned. For example, the 
score can be a weighted combination of multiple factors. In 
Some implementations, high scores are better. In some imple 
mentations, low scores are better. 
0098. In some implementations, various optimizations are 
possible based on the fact that convolution is a linear operator. 
For example, when the ideal image intensity profile can be 
divided into P parts, each corresponding to a part of the 
barcode representation g, the degraded version of the ideal 
image profile of the barcode can be expressed as follows: 

Si(x), where i =gp. 
p=l 

k(x): Si(x), where i = gr y 
p 

s' (v), where j = gril 
p 

g, X). 

0099. In other words, the various degraded ideal image 
intensity profiles can be constructed at run-time by combin 
ing, e.g., overlap-adding, pre-blurred component signals s'. 
No convolution needs to be computed at runtime, which can 
result in a significantly lower computation cost. 
0100 FIG. 6B illustrates an example of generating a 
degraded version of the ideal image intensity profile, fin, from 
the individual blurred image intensity profile signals s'. The 
individual, overlapping, pre-computed blurred signals s' are 
shown in a. The result, fin, of combining the pre-computed 
blurred signals is shown in b. 
0101. In this optimization, the error function can be deter 
mined as follows. First, the degraded version of the image 
intensity profile of the candidate barcode ?in(x)=ö'(gx) is 
constructed by combining the pre-blurred symbols s' corre 
sponding to the image intensity profile of the candidate bar 
code. Then, the resulting fin is used in the fitness score equa 
tion given above. 
0102) An alternative optimization is to construct the error 
signal directly by storing all possible segments of the error 
signal (e.g., corresponding to all of the ways a part of the 
image intensity profile of the degraded image is Subtracted 
from a portion of the degraded image intensity profile of the 
candidate barcode). FIG. 6C illustrates an example of how a 
signal space corresponding to an image intensity profile can 
be divided. The division shownina is the initial division of the 
signal space described above, where each D, corresponds to a 
part of the ideal image intensity profile of the candidate bar 
code. The division as shown in b is the division after the parts 
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of the ideal image intensity profile of the candidate barcode 
are degraded. Each D', corresponds to a degraded version of 
part of the ideal image intensity profile of the candidate bar 
code, e.g., each D', corresponds to one of the numbers in the 
candidate barcode. The regions in b overlap as a result of the 
degradation of the ideal signal. The regions can be further 
divided into Q Sub-regions D, that do not overlap (e.g., any 
given two pixels are in the same Subregion only if the set of 
regions in D" that include one of the pixels is the same set of 
regions in D" that include the other pixel), as shown in c. Some 
of the Subregions may have degraded image intensity profile 
signals corresponding to one part of the ideal image intensity 
profile, and some of the Subregions may include signals cor 
responding to multiple parts of the ideal image intensity pro 
file. For example, the signals in D are based only on the 
signal corresponding to D', while the signals in D are based 
on signals corresponding to D', and D's. Each sub-region D, 
of the degraded image intensity profile can contain one of a 
finite number of signals, e.g., a finite number of combinations 
of all possible overlapping signals that can occur in that 
region. Each signal represents a part of one or more of the 
degraded ideal image intensity profiles. 
(0103) Information about the error signal in each region D, 
can then be computed, based on the following equations: 

ek = X. (Sai - mi) 
ie D 

E = X(st-m), 
ie D 

where Sig is one of the possible degraded signals in a given 
region D, the 1 is the part of the barcode representation g 
corresponding to the region q in Dands, and m, represent 
the values of s, and m, respectively, for a given pixel i. 
Because the variance of a signal S can be expressed as: 

1 Pl, Y2 

wo-Si-.S. 
it follows that the fitness score can be calculated as follows: 

F(g) = varO(g) - in 

1 O. ( 1 '' 2 = X(r'(g)-mi) --, X (or'(g); -n. 

where N is the size of the region being considered, and for 
any given pixeli, the value of 8(g), is equal to the value ofs. 
The pre-computed values et and E can therefore be 
plugged into the variance equation, giving a fitness score as 
follows: 
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I0104. By pre-computing E, ande, for all possible signals 
in each region D. the number of computations required at 
runtime can be significantly decreased. 
0105. In step 518, a check is done to see if a sufficient 
search space has been searched. If not, the search continues. 
What constitutes a Sufficient search space can vary depending 
on the implementation. In some implementations, steps 512 
516 are repeated for each barcode in the population of bar 
codes, and thus the Sufficient search space is the entire popu 
lation of barcodes. In some implementations, a sufficient 
space has been searched once a candidate barcode whose 
degraded image intensity profile is sufficiently close to the 
image intensity profile of the blurred image is identified. In 
Some implementations, a Sufficient space has been searched 
once a certain number of barcodes (for example, 100) have 
been considered. 
0106. In some implementations, a genetic algorithm is 
used to direct the search. A genetic algorithm begins by 
selecting a Sub-population of barcodes from an overall popu 
lation of barcodes. Each member of the sub-population of 
barcodes is scored according to a fitness function. The scores 
of the sub-population members are used to determine how a 
new Sub-population of images should be generated, by keep 
ing, mutating, and combining (“breeding) members of the 
Sub-population. In some implementations, the search stops 
once a barcode with an acceptable fitness score is identified. 
In some implementations, the search stops once a certain 
number of iterations have completed. For example, once new 
populations have been bred 100 times, the search can stop. In 
Some implementations, the search stops once the genetic 
algorithm converges to a local minimum or maximum and the 
genetic algorithm cannot move past the local minimum or 
maximum. Other termination points are also possible. 
0107. In some implementations, context information 
about the degraded image is received, and the search is biased 
based on the context information. The context information 
can be used to bias the search in several ways. For example, 
the context information can be used to aid in the selection of 
a candidate barcode in step 514 or the context information can 
be used to affect which barcode is selected in step 520. If a 
genetic algorithm is used to direct the search, the context 
information can be used to select the initial Sub-population or 
to influence how the new Sub-population is generated. 
0108. In some implementations, the context information 
includes an approximation of a physical location correspond 
ing to where the degraded image was captured. The physical 
location can be received, for example, from the device used to 
capture the image, or can be part of the metadata of the image. 
The physical location can be, for example, latitude and lon 
gitude information or elevation information. The physical 
location can also be an address, a country, or a Zip code. 
Location information can be used in a variety of ways. For 
example, most barcodes start with a country code. Therefore, 
candidate barcodes can be chosen for consideration based on 
the location where the image was captured, e.g. by selecting 
barcodes whose country code matches the location where the 
image was captured. 
0109. In some implementations, the context information 
includes previous selections of one or more barcodes corre 
sponding to one or more other degraded images captured at 
one or more physical locations that are approximately the 
same as a physical location where the degraded image was 
captured. Previous selections can be used, for example, to 
detect patterns in what types of images are taken in this 
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physical location. For example, if the blurred image contains 
a barcode and several images taken from the location corre 
sponded to barcodes for books, the search could be biased to 
first consider images of barcodes for books (e.g., ISBN bar 
codes). 
0110. In some implementations, the context information is 
from a data processing apparatus associated with one or more 
objects in a vicinity of where the degraded image was cap 
tured. For example, if a picture of a barcode is taken inside a 
bookstore, a computer in the bookstore could provide context 
information, such as its catalog of books, to help with the 
search. The search could then first consider barcodes for 
books in the store. 
0111. In some implementations, the degraded image is 
from a video, and the context information includes the video. 
The additional frames in the video can be used to narrow the 
search, for example, by providing additional images that are 
similar to the degraded image, or by providing information on 
how the device was moving at the time the image was cap 
tured. 
0112. In some implementations, the context information is 
received from a user. For example, a user could specify key 
words to narrow the search by indicating that the image is a 
barcode of a music CD. The search could then begin with 
barcodes corresponding to music CDs. In some implementa 
tions, the context information includes sounds. For example, 
a user could speak words or phrases, a device could process 
them, and the device could use the processed words or phrases 
to narrow the search. 
0113. In step 520, a barcode is selected. The barcode can 
be selected based on the comparisons made during the search 
of the population of barcodes. The barcode can be selected, 
for example, by selecting the barcode whose degraded image 
intensity profile is the closest to the image intensity profile of 
the degraded image, e.g., whose score is the best. The selected 
barcode is a non-degraded version of the barcode in the 
image. 
0114. In some implementations, once the barcode is 
selected, it is used to generate a non-degraded version of the 
degraded image, for example, by replacing the barcode pic 
tured in the image with the selected barcode. 
0.115. In some implementations, once the barcode is iden 

tified, it is used to retrieve information based on the non 
degraded image. For example, information about the item 
associated with that barcode can be retrieved (e.g., from a 
barcode database). This information can then be displayed to 
a user or passed to other processes. 
0116 FIG. 7 illustrates an example of the method 
described in reference to FIG. 5, as applied to an image of a 
barcode. A degraded image 702 is passed to the method 700. 
An image intensity profile 710 of the degraded image 702 is 
generated. A population of barcodes is searched by selecting 
a barcode 706 from a population of barcodes 704, generating 
the image intensity profile from the selected barcode 706, 
generating a degraded version 708 of the ideal intensity pro 
file (e.g., by convolving the ideal image intensity profile with 
a blur kernel), and comparing the degraded version 708 of the 
ideal image intensity profile with the image intensity profile 
710 of the degraded image 702. The comparison results in a 
fitness score. The search continues until a Sufficiently good 
match has been identified, and the selected barcode 712 is 
returned. 
0117 FIG. 8 illustrates an example method for selecting a 
barcode using a genetic algorithm. 
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0118. In step 810, a degraded image of a barcode is 
received. The degraded image is degraded because of for 
example, blur or noise or other distortions. The degraded 
image can be received from a variety of sources. For example, 
a degraded image can be captured by the device performing 
the method. The degraded image can be retrieved from 
memory, for example, at the request of a user or a process. The 
degraded image can be received directly from a user or a 
process. The degraded image can be a region of interest 
identified as described above in reference to FIG. 2. Other 
Sources of a degraded image and ways of receiving a degraded 
image are also possible. 
0119. In step 812, an image intensity profile is generated 
for the degraded image. The image intensity profile can be 
generated as described above in reference to FIG. 5. 
0120 A population of barcodes is searched using a genetic 
algorithm. In some implementations, the population of bar 
codes is finite. 
0121 The search proceeds as follows. In step 814, a cur 
rent population of barcodes is identified. Each member of the 
current population of barcodes can be represented by a 
genome corresponding to the barcode. For example, the 
genome can be a vector of elements, where each element of 
the vector corresponds to part of the barcode. The genome can 
also be represented as a number. 
0122. In some implementations, the current population of 
barcodes is identified (e.g., initialized) using traditional 
genetic algorithm techniques, such as randomly selecting a 
current population of barcodes from the entire population of 
barcodes. 
0123. In some implementations, the current population of 
barcodes is identified (e.g., initialized) using a greedy initial 
ization protocol. The greedy initialization protocol identifies 
a current population of barcodes whose images are similar to 
that of the degraded image. Generally speaking, the greedy 
initialization protocol does a series of local optimizations for 
Subparts of barcode genomes (e.g., by modifying the Subparts 
until a score comparing the resulting barcode stops increas 
ing). These subparts are then concatenated. 
0.124. In step 816, a fitness score is calculated for each 
image corresponding to each barcode in the current popula 
tion of barcodes. Generally speaking, a fitness score is an 
estimate of how close an image of a given barcode is to the 
degraded image of a barcode. The fitness score for a given 
candidate barcode is calculated based on a comparison of a 
degraded version of the ideal image intensity profile of the 
candidate barcode and an image intensity profile of the 
degraded image. 
0.125. The degraded version of the ideal image intensity 
profile and the fitness score can be determined as described 
above in reference to FIG. 5. 
0126. In step 818, the current population of barcodes is 
updated using genetic algorithm techniques based on the 
calculated fitness scores. In some implementations, the 
updated population of barcodes is bred from the current popu 
lation using crossover, where two barcodes are combined to 
generate a new barcode by selecting one or more points on 
their respective genomes to splice the two genomes together. 
The resulting genome corresponds to a new barcode. In some 
implementations, the barcodes that are combined are chosen 
because they have good fitness function scores. In some 
implementations, Some of the members of the updated popu 
lation are generated based on inversion, where part of a 
genome in the current population is reversed. In some imple 
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mentations, high-scoring barcodes from the current popula 
tion are left in the updated population. In some implementa 
tions, the updated population of barcodes is mutated, where 
numbers in one or more genomes are randomly changed. 
Mutation can result in invalid genomes (e.g., genomes that do 
not correspond to valid barcodes). In some implementations, 
invalid genomes are automatically rejected. In some imple 
mentations, invalid genomes are kept in the population to be 
used for breeding Subsequent generations. This is because the 
route from one genome to an even better genome can pass 
through an invalid genome. Keeping invalid genomes around 
for breeding purposes can add robustness and allow escape 
from local minima. Other methods of breeding and mutating 
are also possible. 
I0127. The searching is repeated until a determination is 
made at step 820 that a sufficient search space has been 
searched. In some implementations, the searching stops once 
a barcode with an acceptable fitness score is identified. In 
Some implementations, the searching stops after a set number 
of cycles of the algorithm. For example, once new popula 
tions have been bred 100 times, the search can terminate. In 
Some implementations, the search stops when the genetic 
algorithm converges to a local minimum and the genetic 
algorithm cannot move past the local minimum. Other meth 
ods of determining that a sufficient space has been searched 
are also possible. 
0128. In some implementations, the genetic algorithm can 
become stuck at a local minimum in the error space, e.g., 
when the fitness function scores of the genomes are not 
improving. This can be detected when the best fitness score 
does not improve after a number of generations. In these 
implementations, various steps can be taken to move the 
algorithm beyond the local minimum. For example, random 
genomes can be introduced into the population. Other tech 
niques such as accelerating the mutation of the genomes, 
aborting the genetic algorithm early and re-starting it with a 
newly initialized population, and restarting the algorithm 
with a randomized population can also be used. 
I0129. In step 822, a barcode is selected from the popula 
tion of barcodes. The selection is based on the calculated 
fitness scores, e.g., the barcode with the highest calculated 
fitness score is selected. 
0.130. In some implementations, once the barcode is 
selected, it is used to retrieve information. For example, if the 
non-degraded image is of a barcode, information about the 
item coded with that barcode can be retrieved (e.g., from a 
barcode database). This information can then be displayed to 
a user or passed to other processes. 
0131 FIG. 9 illustrates the method described above in 
reference to FIG. 8. 
0.132. A degraded image 902 of a barcode is received from 
a client device 904. An initial population is generated from the 
universe of all possible barcodes 906, which may involve 
mutating one or more of the barcode genomes at 908. Then, 
for each barcode in the population, 910, a barcode generator 
912 is used to generate an image of a barcode 914 that corre 
sponds to the barcode genome. The image of the barcode is an 
ideal, non-degraded image. The image of the barcode 914 is 
then translated to an intensity profile 916. The intensity pro 
file 916 is then convolved with a blur kernel at 918 resulting 
in a blurred ideal intensity profile 920. The generation of an 
intensity profile and convolution with the blur kernel can be 
done in one step. The blurred ideal intensity profile 920 is a 
degraded representation of the barcode 914. The blurred ideal 
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intensity profile 920 is compared with the image intensity 
profile 922 of the blurred image 902 at 924 by computing an 
error signal at 926, calculating the variance of the error signal 
at 928, and calculating a fitness score at 930. At 932, the 
genetic algorithm retains high fitness offspring and creates a 
new population based on breeding the genomes, mutating the 
genomes, and selecting new genomes from the universe of all 
possible barcodes. The process continues until a sufficiently 
high-scoring barcode is identified. At that point, the barcode 
is selected at 934 and returned to the client device 904. 

0.133 FIG. 10 illustrates an example architecture of a sys 
tem 1000 for searching barcodes. The system generally con 
sists of a data processing apparatus 1002 and one or more 
client devices 1020. The data processing apparatus 1002 and 
client device 1020 are connected through a network 1018. 
0134. While the data processing apparatus in 1002 is 
shown as a single data processing apparatus, a plurality of 
data processing apparatus may be used. In some implemen 
tations, the client device 1020 and the data processing appa 
ratus 1002 are the same device. 

0135) In various implementations, the data processing 
apparatus 1002 runs a number of processes, e.g. executable 
Software programs. In various implementations, these pro 
cesses include a search module 1004, a selection module 
1006, and a retrieval module 1007. 
0136. The search module 1004 searches a population of 
barcodes, for example, as described above in reference to 
FIGS. 5 and 8. The search can be directed in a number of 
ways, including considering all barcodes in the population or 
using a genetic algorithm to direct the search. The search 
module identifies one or more candidate barcodes and com 
pares a degraded version of each candidate barcode's ideal 
image intensity profile with the image intensity profile of the 
degraded image. In some implementations, the search mod 
ule uses a pre-determined blur kernel. In some implementa 
tions, the search module determines a blur kernel, for 
example, using sensor data, calibration data, or focal length 
data. In some implementations, the search module receives a 
blur kernel from another process. 
0.137 The selection module 1006 selects a barcode based 
on the comparisons done by the search module 1004. In some 
implementations, the selection module selects the barcode 
with the highest score. The selection module 1006 can also 
identify the image corresponding to the selected barcode. 
0138. In some implementations, the data processing appa 
ratus 1002 also runs an optional information retrieval module 
1007 that retrieves information (for example, from a data 
base) about the selected image. 
0.139. The data processing apparatus 1002 may also have 
hardware or firmware devices including one or more proces 
sors 1008, one or more additional devices 1010, computer 
readable medium 1012, a communication interface 1014, and 
one or more user interface devices 1016. The processors 1008 
are capable of processing instructions for execution. In one 
implementation, the processor 1008 is a single-threaded pro 
cessor. In another implementation, the processor 1008 is a 
multi-threaded processor. The processor 1008 is capable of 
processing instructions stored in memory or on a storage 
device to display graphical information for a user interface on 
the user interface devices 1016. User interface devices 1016 
can include, for example, a display, a camera, a speaker, a 
microphone, and a tactile feedback device. 
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0140. The data processing apparatus 1002 communicates 
with client device 1020 using its communication interface 
1014. 

0.141. The client device 1020 can be any data processing 
apparatus, for example, a camera used to capture the image, a 
computer, or a mobile device. In some implementations, the 
client device 1020 sends images through the network 1018 to 
the data processing apparatus 1002 for processing. Once the 
data processing apparatus 1002 has completed processing, it 
sends the resulting image and/or information back through 
the network 1018 to the client device 1020. In some imple 
mentations, the client device 1020 runs one or more of the 
processes 1004, 1006, and 1007 instead oforin addition to the 
data processing apparatus 1002. 
0.142 FIG. 11 illustrates an example network operating 
environment 1100 for a client device. The client device can, 
for example, communicate over one or more wired and/or 
wireless networks. For example, a wireless network 1102, 
e.g., a cellular network, can communicate with another net 
work 1104, such as the Internet, by use of a gateway 1106. 
Likewise, an access point 1108, such as an 802.11g wireless 
access point, can provide communication access to the net 
work 1104. In some implementations, both voice and data 
communications can be established over the wireless network 
1102 and the access point 1108. For example, the client 
device 1110 can place and receive phone calls (e.g., using 
VoIP protocols), send and receive e-mail messages (e.g., 
using POP3 protocol), and retrieve electronic documents and/ 
or streams, such as Web pages, photographs, and Videos, over 
the wireless network 1102, gateway 1106, and network 1104 
(e.g., using TCP/IP or UDP protocols). Likewise, the client 
device 1112 can place and receive phone calls, send and 
receive e-mail messages, and retrieve electronic documents 
over the access point 1108 and the network 1104. In some 
implementations, the client device 1112 can be physically 
connected to the access point 1108 using one or more cables 
and the access point 1108 can be a personal computer. In this 
configuration, the client device 1112 can be referred to as a 
“tethered device. 

0143. The client devices 1110 and 1112 can also establish 
communications by other means. For example, the client 
device 1110 can communicate with other client devices, e.g., 
other wireless devices, cell phones, etc., over the wireless 
network 1102. Likewise, the client devices 1110 and 1112 can 
establish peer-to-peer communications 1114, e.g., a personal 
area network, by use of one or more communication Sub 
systems, such as a BluetoothTM communication device. Other 
communication protocols and topologies can also be imple 
mented. 

0144. The client devices 1110 and 1112 can, for example, 
communicate with one or more services over the one or more 
wired and/or wireless networks 1116. For example, a region 
of interest identifier service 1118 can receive an image from 
a user and automatically determine a region of interest in the 
image. A de-blurred image identifier service 1120 can receive 
an image from a user, search a set of candidate barcodes, and 
provide one or more de-blurred candidate images corre 
sponding to the blurred image to the user. In some implemen 
tations, the de-blurred image identifier service 1120 gener 
ates multiple substantially de-blurred versions of the image 
and provides them to the user. The user then selects one of the 
images, and the selection information is sent back to the 
image de-blur service 1120 for later use, for example, as 
calibration data. An information retrieval service 1122 can 
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receive a degraded image of a barcode from a user, identify a 
barcode corresponding to the degraded image, and then 
present information to the user based on the identified bar 
code. 

0145 The client devices 1110 and 1112 can also access 
and send other data and content over the one or more wired 
and/or wireless networks 1116. For example, content pub 
lishers such as news sites, RSS feeds, web sites, blogs, social 
networking sites, developer networks, etc., can be accessed 
by the client devices 1110 and 1112. 
0146 The disclosed and other embodiments and the func 
tional operations described in this specification can be imple 
mented in digital electronic circuitry, or in computer soft 
ware, firmware, or hardware, including the structures 
disclosed in this specification and their structural equivalents, 
or in combinations of one or more of them. The disclosed and 
other embodiments can be implemented as one or more com 
puter program products, e.g., one or more modules of com 
puter program instructions encoded on a computer-readable 
medium for execution by, or to control the operation of data 
processing apparatus. The computer-readable medium can be 
a machine-readable storage device, a machine-readable Stor 
age substrate, a memory device, a composition of matter 
effecting a machine-readable propagated signal, or a combi 
nation of one or more them. The term “data processing appa 
ratus' encompasses all apparatus, devices, and machines for 
processing data, including by way of example a program 
mable processor, a computer, or multiple processors or com 
puters. The apparatus can include, in addition to hardware, 
code that creates an execution environment for the computer 
program in question, e.g., code that constitutes processor 
firmware, a protocol stack, a database management system, 
an operating system, or a combination of one or more of them. 
A propagated signal is an artificially generated signal (e.g., a 
machine-generated electrical, optical, or electromagnetic sig 
nal), that is generated to encode information for transmission 
to Suitable receiver apparatus. 
0147 A computer program (also known as a program, 
Software, Software application, Script, or code) can be written 
in any form of programming language, including compiled or 
interpreted languages, and it can be deployed in any form, 
including as a stand-alone program or as a module, compo 
nent, Subroutine, or other unit Suitable for use in a computing 
environment. A computer program does not necessarily cor 
respond to a file in a file system. A program can be stored in 
a portion of a file that holds other programs or data (e.g., one 
or more scripts stored in a markup language document), in a 
single file dedicated to the program in question, or in multiple 
coordinated files (e.g., files that store one or more modules, 
Sub-programs, or portions of code). 
0148. The processes and logic flows described in this 
specification can be preformed by one or more programmable 
processors executing one or more computer programs to per 
form functions by operating on input data and generating 
output. The processes and logic flows can also be performed 
by, and apparatus can also be implementedas, special purpose 
logic circuitry, e.g., an FPGA (field programmable gate array) 
or an ASIC (application-specific integrated circuit). 
0149 Processors suitable for the execution of a computer 
program include, by way of example, both general and special 
purpose microprocessors, and any one or more processors of 
any kind of digital computer. Generally, a processor will 
receive instructions and data from a read-only memory or a 
random access memory or both. The essential elements of a 
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computer are a processor for performing instructions and one 
or more memory devices for storing instructions and data. 
Generally, a computer will also include, or be operatively 
coupled to receive data from or transfer data to, or both, one 
or more mass storage devices for storing data, e.g., magnetic, 
magneto-optical disks, or optical disks. However, a computer 
need not have Such devices. Computer-readable media Suit 
able for storing computer program instructions and data 
include all forms of non-volatile memory, media and memory 
devices, including by way of example semiconductor 
memory devices, e.g., EPROM, EEPROM, and flash memory 
devices; magnetic disks, e.g., internal hard disks or remov 
able disks; magneto-optical disks; and CD-ROM and DVD 
ROM disks. The processor and the memory can be supple 
mented by, or incorporated in, special purpose logic circuitry. 
0150. To provide for interaction with a user, the disclosed 
embodiments can be implemented on a computer having a 
display device, e.g., a CRT (cathode ray tube), LCD (liquid 
crystal display) monitor, touch sensitive device or display, for 
displaying information to the user and a keyboard and a 
pointing device, e.g., amouse or a trackball, by which the user 
can provide input to the computer. Other kinds of devices can 
be used to provide for interaction with a user as well; for 
example, feedback provided to the user can be any form of 
sensory feedback, e.g., visual feedback, auditory feedback, or 
tactile feedback; and input from the user can be received in 
any form, including acoustic, speech, or tactile input. 
0151. While this specification contains many specifics, 
these should not be construed as limitations on the scope of 
what is being claimed or of what may be claimed, but rather 
as descriptions of features specific to particular embodi 
ments. Certain features that are described in this specification 
in the context of separate embodiments can also be imple 
mented in combination in a single embodiment. Conversely, 
various features that are described in the context of a single 
embodiment can also be implemented in multiple embodi 
ments separately or in any Suitable Subcombination. More 
over, although features may be described above as acting in 
certain combinations and even initially claimed as such, one 
or more features from a claimed combination can in some 
cases be excised from the combination, and the claimed com 
bination may be directed to a subcombination or variation of 
a Subcombination. 
0152 Similarly, while operations are depicted in the draw 
ings in a particular order, this should not be understand as 
requiring that such operations be performed in the particular 
order shown or in sequential order, or that all illustrated 
operations be performed, to achieve desirable results. In cer 
tain circumstances, multitasking and parallel processing may 
be advantageous. Moreover, the separation of various system 
components in the embodiments described above should not 
be understood as requiring such separation in all embodi 
ments, and it should be understood that the described program 
components and systems can generally be integrated together 
in a single software product or packaged into multiple soft 
ware products. 
0153. The systems and techniques described here can be 
implemented in a computing system that includes a back end 
component (e.g., as a data server), or that includes a middle 
ware component (e.g., an application server), or that includes 
a front end component (e.g., a client computer having a 
graphical user interface or a Web browser through which a 
user can interact with an implementation of the systems and 
techniques described here), or any combination of Such back 
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end, middleware, or front end components. The components 
of the system can be interconnected by any form or medium 
of digital data communication (e.g., a communication net 
work). Examples of communication networks include a local 
area network (“LAN), a wide area network (“WAN”), and 
the Internet. 
0154 The computing system can include clients and serv 

ers. A client and server are generally remote from each other 
and typically interact through a communication network. The 
relationship of client and server arises by virtue of computer 
programs running on the respective computers and having a 
client-server relationship to each other. 
0155 Although a few implementations have been 
described in detail above, other modifications are possible. 
For example, the flow diagrams depicted in the figures do not 
require the particular order shown, or sequential order, to 
achieve desirable results. In addition, other steps may be 
provided, or steps may be eliminated, from the described flow 
diagrams, and other components may be added to, or removed 
from, the described systems. Accordingly, various modifica 
tions may be made to the disclosed implementations and still 
be within the scope of the following claims. 

What is claimed is: 
1. A computer implemented method, comprising: 
receiving a degraded image of a first object of interest; 
determining, in a computer, a representation of a feature of 

the degraded image; 
searching a population of objects using a genetic algo 

rithm, where the genetic algorithm includes using the 
computer to calculate a fitness score for a candidate 
object using a fitness function that compares the repre 
sentation of the feature of the degraded image to a 
degraded representation of a feature of a non-degraded 
image of the candidate object; and 

Selecting a second object of interest corresponding to the 
first object of interest as a result of the searching. 

2. The method of claim 1, further comprising: 
identifying a region of interest in the degraded image, 
where the region of interest contains the first object of 
interest; and 

wherein determining the representation of the feature of 
the degraded image includes determining a representa 
tion of a feature of the region of interest. 

3. The method of claim 1, further comprising: 
receiving context information about the degraded image: 

and 
wherein the searching is biased based on the context infor 

mation. 
4. The method of claim 1, further comprising: 
receiving data for the device used to capture the degraded 

image; 
generating, in the computer, a blur kernel corresponding to 

the degraded image using the received data; and 
determining the degraded representation of the feature of 

the non-degraded image of the candidate object using 
the blur kernel. 

5. The method of claim 4, wherein: 
the data is accelerometer data for the device; and 
the blur kernel is a motion blur kernel. 

6. The method of claim 5, wherein the data is calibration 
data. 
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7. A computer implemented method, comprising: 
receiving a degraded image of a first object of interest; 
determining, in a computer, a representation of a feature of 

the degraded image; 
searching a population of objects, the searching including 

identifying a current population of candidate objects and 
repeating the following one or more times in the com 
puter: 
for each candidate object in the current population: 

determining a degraded representation of a feature of 
a non-degraded image of the candidate object; and 

calculating a fitness score comparing the degraded 
representation to the representation of the feature 
of the degraded image; and 

updating the current population using the calculated fit 
ness score for each candidate object; and 

selecting a second object of interest corresponding to the 
first object of interest from the population of objects 
based on the calculated fitness scores. 

8. The method of claim 7, further comprising: 
identifying a region of interest in the degraded image, 
where the region of interest contains the first object of 
interest; and 

wherein determining the representation of the feature of 
the degraded image includes determining a representa 
tion of a feature of the region of interest. 

9. The method of claim 7, further comprising: 
receiving context information about the degraded image: 

and 
using the context information when identifying the current 

population of candidate objects. 
10. The method of claim 7, further comprising: 
receiving accelerometer data regarding a device used to 

capture the degraded image: 
estimating a motion blur in the degraded image using the 

accelerometer data; and 
determining the degraded representation of the feature of 

the non-degraded image of the candidate object using 
the estimated motion blur. 

11. The method of claim 7, further comprising: 
receiving calibration information; and 
determining the degraded representation of the feature of 

the non-degraded image of the candidate object using 
the calibration information. 

12. A computer implemented method, comprising: 
receiving a degraded image of a first object of interest; 
pre-processing the degraded image using a computer, 

resulting in a pre-processed image: 
calculating, in the computer, a metric based on the pre 

processed image: 
generating, in the computer, a binary image from the pre 

processed image based on the metric; 
identifying one or more regions of the binary image using 

connected components analysis; 
selecting a region of interest in the degraded image based 

on an analysis of the identified regions of the binary 
image, where the region of interest includes the first 
object of interest; 

generating, in the computer, a representation of a feature of 
the refined region of interest; 

searching a population of objects, the searching including 
identifying a current population of candidate objects and 
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repeating the following steps one or more times in the 
computer: 
for each candidate object in the current population: 

determining a degraded representation of a feature of 
a non-degraded image of the candidate object; and 

calculating a fitness score comparing the degraded 
representation to the representation of the feature 
of the degraded image; and 

updating the current population using the calculated fit 
ness scores; and 

Selecting a second object of interest corresponding to the 
first object of interest from the population of objects 
based on the calculated fitness scores. 

13. The computer implemented method of claim 12, fur 
ther comprising using a probabilistic cost function to refine 
the region of interest. 

14. The method of claim 12, further comprising: 
receiving context information about the degraded image: 

and 
wherein the searching is biased based on the context infor 

mation. 
15. A system, comprising: 
a processor; and 
a computer-readable medium coupled to the processor and 

including instructions, which, when executed by the 
processor, causes the processor to perform operations 
comprising: 
receiving a degraded image of a first object of interest 

from a client device; 
determining a representation of a feature of the degraded 

image: 
searching a population of objects using a genetic algo 

rithm, where the genetic algorithm includes calculat 
ing a fitness score for a candidate object using a fitness 
function that compares the representation of the fea 
ture of the degraded image to a degraded representa 
tion of a feature of a non-degraded image of the can 
didate object; and 

Selecting a second object of interest corresponding to the 
first object of interest as a result of the searching, and 
sending the selected second object of interest to the 
client device. 

16. The method of claim 15, wherein the system comprises 
a server and the client device is a mobile device. 

17. The system of claim 15, wherein the processor further 
performs operations comprising: 

identifying a region of interest in the degraded image, 
where the region of interest contains the first object of 
interest; and 

wherein determining the representation of the feature of 
the degraded image includes determining a representa 
tion of a feature of the region of interest. 

18. The system of claim 15, wherein the processor further 
performs operations comprising: 
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receiving accelerometer data regarding a device used to 
capture the degraded image: 

estimating a motion blur in the degraded image using the 
accelerometer data; and 

determining the degraded representation of the feature of 
the non-degraded image of the candidate object using 
the estimated motion blur. 

19. A computer-readable medium having instructions 
stored thereon, which, when executed by a processor, causes 
the processor to perform operations comprising: 

receiving a degraded image of a first object of interest; 
determining a representation of a feature of the degraded 

image; 
searching a population of objects using a genetic algo 

rithm, where the genetic algorithm includes calculating 
a fitness score for a candidate object using a fitness 
function that compares the representation of the feature 
of the degraded image to a degraded representation of a 
feature of a non-degraded image of the candidate object; 
and 

selecting a second object of interest corresponding to the 
first object of interest as a result of the searching. 

20. The computer-readable medium of claim 19, further 
having instructions stored thereon which, when executed by 
the processor, causes the processor to perform operations 
comprising: 

identifying a region of interest in the degraded image, 
where the region of interest contains the first object of 
interest; and 

wherein determining the representation of the feature of 
the degraded image includes determining a representa 
tion of a feature of the region of interest. 

21. The computer-readable medium of claim 19, further 
having instructions stored thereon which, when executed by 
the processor, causes the processor to perform operations 
comprising: 

receiving context information about the degraded image: 
and 

wherein the searching is biased based on the context infor 
mation. 

22. The computer-readable medium of claim 19, further 
having instructions stored thereon which, when executed by 
the processor, causes the processor to perform operations 
comprising: 

receiving accelerometer data regarding a device used to 
capture the degraded image: 

estimating a motion blur in the degraded image using the 
accelerometer data; and 

determining the degraded representation of the feature of 
the non-degraded image of the candidate object using 
the estimated motion blur. 
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